an antagonistic divide between the "deprived hardworking majority" and the "profiting rich minority" is shaped.
In 'complete right-wing populism', people-centrism, as well as the anti-elitist and exclusionist components of populism are combined, such that the political elite is blamed for prioritizing the needs of immigrants, who receive more benefits than the silenced majority of the native people (Caiani & della Porta, 2011; Mazzoleni, 2008) . More specifically, complete right-wing populism articulates the divide between the "good" native people and the "corrupt" political elite who prioritize the needs of "evil and dangerous" immigrants and neglect the native population.
In 'complete left-wing populism', people-centrism is combined with blame shifting onto the political elite as well as accusations of economic elites. The extreme-rich are depicted as an additional enemy of the ordinary people who conspires with the political elite against the people. The populist reproach claims that the ruling politicians are treating the rich preferentially by not taxing them adequately while the majority of the virtuous people have to bear heavy financial burdens. Note. In the original sample, the share of men/women is between 48 and 52 percent in 13 countries. In Sweden, women are slightly underrepresented (46.8%). In Romania, women are heavily over-(64.8%) and in Greece they are heavily underrepresented (30%). However, looking at the three latter countries, only in the Swedish case there is a significant, yet small difference in populist attitudes between men and women, with women being slightly less populist (based on an index of 23 items, α = .927, M = 4.64, SD = 1.05).
Respondents' background characteristics (after data quality check)
With respect to age (quota for 18-39, 40-59, 60 and above), the median age of our samples is within a five year range around the median age of the whole population in eight countries (AT, GR, IE, IT, NL, PL, PT, RO) and within a 10 year interval in the other eight countries (CH, FR, DE, IT, NO, SP, SE, UK). In five countries, the media age of our samples is lower than the overall national media age (AR, DE, GR, PL, RO), in the rest the median age is higher. One reason for this is that our sample only includes voting age participants whose median age is higher than that of the entire population. For example, the difference between the two is 46.5 vs. 52 years in Germany (2015 Germany ( /2017 . This means, that most of our samples in fact reflect the voting population even better than the abovementioned values might suggest. In the countries where the median age is lower, this might be a result of the lower participation of older citizens in online panels.
With respect to education, quotas were more or less fulfilled in eight countries (DE, ES, IL, IT, NL, PL, RO, UK), whereas samples are skewed towards participants with mid-and high-level education in the other eight (AU, CH, FR, GR, IR, NO, PO, SE). The reason for this is that online panels often have problems to reach lower educated citizens, especially for political surveys. However, only in three countries those with the lowest level of education differ significantly in their populist attitudes from both other education groups in that they are more populist (GR, PL, SE). This means that in these countries overall effects of our stimulus might be less likely when compared to the general population and the other countries, because we assume them to be affected by the participants' pre-existing populist attitudes.
APPENDIX C

Data quality
One of the significant threats to the quality of survey data is satisficing (Krosnick, 1991) , i.e. the hypothesis that some respondents instead of providing accurate responses exert less or no cognitive effort to answering the survey. The problem of inattentive respondents may be more frequent in self-administered web surveys, than in surveys administered by an interviewer, who would create a sense of accountability in respondents (Baker et al., 2010) .
Finally, the frequency of inattentive respondents may be larger in nonprobability online panels due to the presence of "professionals", i.e. respondents who do a lot of surveys and generally will participate in a survey only if there is an incentive. Some of the professional respondents are expected to rush through a survey, jeopardizing the integrity of their responses (Hillygus, Jackson, & Young, 2014) .
To deal with these issues Baker et al. (2010) suggest to use data quality analysis and validation techniques to identify inattentive respondents. They refer to four commonly used techniques to identify satisficing respondents: (1) Short survey completion times,
Response non-differentiation ("straightlining") in grid-or matrix-questions, We have implemented our four quality indicators as follows: i) completion time: most of the methods that have been used to flag short completion times employ an arbitrary selected threshold to flag short response times. We use an extension of the "scanning threshold" method (Andreadis, 2012 (Andreadis, , 2014 . The method calculates a threshold taking into account the number of characters in the question and the "scanning" reading speed. With this method we find that if the time spent on the questions was less than 412 seconds, the respondents would be unable to read, comprehend the questions and provide the corresponding answers. As a result, we can assume that these responses are of low quality and we flag them accordingly, ii) straightlining: we have selected three grid questions for which it does not make sense to give the same answer to all the items in the grid. We flag respondents who have not differentiated their responses in any of these grid questions making use of the respdiff module in Stata, iii) item nonresponse: cases are flagged if the number of valid answers is less than 2/3 of the total number of answers and iv) manipulation checks: a case is flagged when most of the manipulation check responses are missing, or when most of manipulation checks have been answered, but the number of correct answers is less than or equal to the number of correct answers of someone responding randomly. The low-quality answers of inattentive respondents increase noise in a survey dataset and reduce the power of statistical tests. As a result, they should be removed. On the other hand, despite our effort to avoid false-positives, we cannot rule out the possibility of a temporary technical glitch that would make an engaged respondent appear as inattentive. Although, the probability of falsepositives is very low, we wish to eliminate it. Thus, we remove a case only when it is flagged in more than one of our four indicators. This way, if we assume that the probability for a false-positive is 0.01 for each individual quality indicator, the probability for a legitimate case to be flagged as low-quality by two independent indicators would be 0.0001. Thus, if a case is flagged by two quality indicators we can be more confident that there is something wrong with it and we can remove it. In our data set this amounts to the removal of 2,131, resulting in a total sample of 15,530 respondents.
From left to right, top to bottom: (1) control, (2) control and anti-elites, (3) empty populism, (4) antielites populism, (5) anti-immigrants, (6) anti-wealthy, (7) right-wing complete populism, (8) Appendix Tables   Table A1 . Immigration 0.000 (0.000) 0.000 (0.000) 0.000 (0.000)
Cross-level interactions:
Anti-elite * immigration 0.000 (0.000) 0.000 (0.000)
Immigrant blame * immigration 0.000 (0.000) 0.000 (0.000) Rich blame * immigration 0.000 (0.000) 0.000 (0.000) Anti-elite * immigrant blame * immigration 0.000 (0.000) Anti-elite * rich blame* immigration 0.000 (0.000) 
Random effects
